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ABSTRACT
Efficient content-based image retrieval (CBIR) of biomed-
ical images is a challenging problem. Feature represen-
tation algorithms used in indexing medical images on the
pathology of interest have to address conflicting goals of
reducing feature dimensionality while retaining important
and often subtle biomedical features. At the Lister Hill Na-
tional Center for Biomedical Communications, an intramu-
ral R&D division of the U.S. National Library of Medicine,
we are developing CBIR for digitized images of a collec-
tion of 17,000 cervical and lumbar spine x-rays taken as a
part of the second National Health and Nutrition Examina-
tion Survey (NHANES II). The vertebra shape effectively
describes various pathologies identified by medical experts
as being consistently and reliably found in the image col-
lection. A suitable shape algorithm must represent shapes
in a low dimension, be invariant to rotation, translation,
and scale transforms, and retain relevant pathology. Ad-
ditionally, supported similarity algorithms must be useful
to the intended target community, viz. medical researchers,
physicians, etc. This paper describes our research in the
development of such a method and a comparison with the
state of the art from the literature.
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1 Introduction

There has been much research interest in recent years in de-
veloping content-based retrieval algorithms for images and
video [1]. In particular, there has been growing interest in
indexing images for biomedical content [2, 3, 4]. In gen-
eral, manual indexing of images for content-based retrieval
is a cumbersome, error prone, and prohibitively expensive
task. However, due to the lack of an effective automated
method, biomedical images are very often annotated man-
ually and retrieved using a text keyword based search on the
disease or pathology described in the medical expert diag-
nosis. A common complaint of medical professionals us-
ing such systems is that the annotations are imprecise with
reference to image locations and text is often insufficient
in enabling efficient image retrieval. Even such retrieval
is impossible for large collections of images that have not
been annotated or indexed. Additionally, the retrieval of in-

teresting cases, especially for medical education or build-
ing atlases, is a cumbersome task. Content-based image
retrieval methods developed specifically for biomedical im-
ages could offer a solution to such problems. However, for
any class of biomedical images developing suitable feature
representation and similarity algorithms are essential tasks.
An example is in the representation of vertebra boundary
shapes segmented from the images created by digitizing
film x-rays of the human cervical and lumbar spines.

The Lister Hill National Center for Biomedical Com-
munications, a research and development division of the
National Library of Medicine (NLM) maintains a digital
archive of 17,000 cervical and lumbar spine images col-
lected in the second National Health and Nutrition Exam-
ination Survey (NHANES II) conducted by the National
Center for Health Statistics (NCHS). Classification of the
images for the osteoarthritis research community has been
a long-standing goal of researchers at the NLM [5], col-
laborators at NCHS, and the National Institute of Arthritis
and Musculoskeletal and Skin Diseases (NIAMS), and ca-
pability to retrieve images based on geometric characteris-
tics of the vertebral bodies is of interest to the vertebral
morphometry community [3]. Automated or computer-
assisted classification and retrieval methods are highly de-
sirable to offset the high cost of manual classification and
manipulation by medical experts. Two National Institutes
of Health (NIH) workshops have identified visual features
of the images specifically related to osteoarthritis, but the
images have never been manually indexed for these fea-
tures, which include anterior osteophytes, disc space nar-
rowing, and subluxation for the cervical spine and spondy-
lolisthesis for the lumbar spine. We are investigating auto-
mated or computer-assisted methods by which the indexing
and retrieval of the images using these particular features
may be achieved, in a validated manner acceptable to the
biomedical community.

As an initial step, we have implemented a modular
prototype system for content-based image retrieval for a
subset of the spine x-rays and health survey text data related
to these x-rays [6]. The system supports retrieval based on
shape similarity to a sketch or example vertebral image,
as well as conventional text retrieval. The shapes are seg-
mented using active contour segmentation with human as-
sistance where necessary. An outstanding problem in the
extraction of feature vectors from the raw boundary data is



development of an effective shape representation and simi-
larity method that simultaneously provides for data reduc-
tion while preserving the shape characteristics that are es-
sential for the end use of the database.

In this paper we describe our work to date on devel-
oping effective shape representation algorithms and make
note of the critical issues that need to be addressed in se-
lecting necessary boundary points in medical images. Sec-
tion 2 provides a brief background on the requirements of
the shape representation and similarity algorithms. In Sec-
tion 3 we present a brief description of the methods and
results from comparative evaluations. Summary of results
in presented in Section 4. We conclude with an analysis of
the results, critical comments and our future research plans
in Section 5.

2 Background

In our study of the spine x-rays we observe that only shape
features appear promising for indexing the images, since
the images are gray scale and offer very little in terms of
texture for the anatomy of interest. Many shape represen-
tation and similarity techniques can be found in the litera-
ture [7, 8, 9, 10, 11, 12], to cite a few. These techniques
adopt different approaches for representing shapes which
can be broadly grouped under these categories:

• Shape geometry based methods: Methods that use
shape properties [13] such as area, perimeter, convex-
ity, elongation, orientation, etc.

• Invariant moments: Several forms of invariant mo-
ments are seen in the literature such as Hu invariant
moments [14], generalized complex moments [15],
affine moments, and Zernike moments [16, 17].
Multi-stage modification using invariant moments has
yielded very good results [18].

• Polygon approximation methods: Methods that re-
move small variations and less significant features and
then represent the curve in tangent space [19, 20, 21].
Matching is done using the turn angle function.

• Deformable shape based methods: Methods that em-
ploy elastic deformation of templates [22]. Multi-
scale shape representation has been used to smooth
and simplify the contours [23, 24, 25].

• Fourier transform based methods: Representing the
cumulative shape boundary as a function of its nor-
malized length [26]. Shapes or contour points have
also been described in the frequency domain [27, 28].

Each shape representation method exhibits and re-
tains different shape characteristics. In turn, this affects the
quality of query and retrieval in a CBIR system. Determin-
ing the suitability of an algorithm for a CBIR system ap-
plication can only be done after an evaluation of the shape

methods on the shapes that populate the database. Evalua-
tions published in the literature [16, 18] have been for shape
retrieval methods applied to trademark image databases or
general objects.

2.1 Shape Representation and Similarity:
Challenges

Boundary data is extracted as(x, y) coordinates in the
image space and needs to be represented in a form suit-
able for archiving, indexing, and similarity matching. A
shape representation method converts a dense 2D represen-
tation of a boundary, i.e., the(x, y) coordinates of bound-
ary points, into a form that has certain properties, which in-
cludeuniqueness, stability, geometric invariance, andcom-
pact representation. In addition, the representation should
retain properties of the shape that are meaningful to the ap-
plication. These requirements may be extended to include
matching of partial boundaries or specific local regions in
the boundary.

In archiving biomedical images for content-based re-
trieval, one has to address conflicting goals of maintain-
ing low feature dimensionality for efficient indexing and
matching while requiring the feature representation meth-
ods to retain the subtleties in the pathology. Shapes found
in biomedical images express different characteristics for
different anatomy. Some have a typical shape and structure,
e.g., bones, heart, lungs, etc., while others can be arbitrary,
e.g., lesions on tissue. Each shape type presents its own
challenges in representation. One can consider significant
areas on the boundary of structured shapes which must be
retained in the representation, and also, number and posi-
tion of boundary points. In contrast, for arbitrary shapes,
such as lesions, it is difficult to determinesignificantas-
pects of the boundary shape. Such shapes can have many
variations while still belonging to the same semantic no-
tion, such as a lesion. This makes it challenging to conceive
a notion of similarity for content-based retrieval. Content-
based retrieval relies on differences between features to de-
termine the notion of dissimilarity. However, with medical
images, variations can also occur amongsemantically sim-
ilar shapes, e.g. shapes ofpathologically normalanatomy
which can vary significantly over the population. This
is a problem since very often differences between normal
and pathological conditions are subtle, at least in the early
stages of disease. Other challenges for shape representa-
tion methods are in representing anatomical structures that
tend to be very similar to each other but can be individu-
ally considered to be unique, e.g., vertebrae. This makes
it challenging to select shape methods that retain sufficient
information and provide the necessary notions of similar-
ity. Additionally, it is necessary for the designers of such
systems to determine how much information is necessary
and what is sufficient for purposes of indexing.

In light of these requirements, we investigated several
shape representation and similarity methods in the litera-



Figure 1. Vertebra image with 9-points (o) and segmented
boundary data (.) superimposed.

ture and evaluated them for applicability to the vertebral
shapes [29]. Based on performance, efficiency, and other
reasons, Fourier Descriptor based methods and polygon ap-
proximation based methods [30] show promise. These is-
sues, other approaches and results from our experiments
are discussed below.

3 Representing Vertebral Shape

The bone morphology community frequently describes the
vertebral shape using 6, 8, 9, and 10 point models [31].
These landmark points are placed at pathologically signif-
icant points on the vertebra boundary. A small portion of
the NHANES II spine image collection was marked using
the 9-point model by a board certified radiologist. The lo-
cations of these points, shown in Figure 1, are indicative
of the pathology found to be consistently and reliably de-
tectable in the image collection.

Our initial efforts in representing the vertebra used the
9-point model [32]. The similarity between vertebrae was
determined using the Procrustes distance. However, while
the 9-point model is sufficient in describing the pathology
to an expert human observer, it falls short of providing a
sufficiently rich description of the shape for purposes of
content-based retrieval.

It was realized that the shape representation method
would need to serve the dual purpose of providing a rich
description of the vertebra shape while being acceptable to
the end user community consisting of medical profession-
als, educators, researchers, and epidemiologists who typ-
ically employ coarser models. In addition, the similarity
methods that support the shape description would need to
be stable and be able to meet the semantic notions of the
user. Stability of a method is defined as its ability to re-
spond to changes in the query shape in a predictable and
meaningful manner. The following questions need to be
addressed in this respect, viz.,

i Should the number of boundary points used to repre-
sent the vertebra be fixed or variable?

ii How should pathological conditions be represented?

iii How would a similarity method be developed to allow
localized, open-contour, matching?

iv How can the sensitivity of a similarity method be used
to match its results to the query semantic?

3.1 Evaluating Candidate Methods

In our effort to determine answers to these questions, we
implemented and evaluated candidate algorithms in vari-
ous categories of shape representation methods [29]. Our
implementation of these methods adopted a hybrid ap-
proach with the number of boundary points. The verte-
bral shapes were segmented using our implementation of
Active Contour Segmentation [33] with manual interven-
tion where necessary. This resulted in approximately 130
boundary points. To improve computational efficiency, the
dimensionality of the vertebra boundary was reduced to
40 boundary points using the polygon approximation algo-
rithm [20]. This approach is considered a hybrid approach
because, unlike the case where a fixed number of points de-
fine the vertebra boundary, the positions of the 40 points are
dependent on the shape of the vertebra and the algorithm.
The methods were evaluated on 250 shapes comprising an
equal number of cervical and lumbar vertebrae. To nor-
malize for variations in query sketches, each shape from
this data set was used as a query shape. The retrieved re-
sults were compared against the retrieval results from the
Procrustes distance based matching for 9 point description
of these shapes, which was considered as the ground truth.
Fourier Descriptors algorithm found 54.71% of the shapes
in the top 25 ranked by the Procrustes method. While this
result appears unimpressive, a closer study revealed that
the method had been heavily penalized for incorrect order-
ing of the shapes. That is, the method found the relevant
shapes, but not in the same order as that determined by the
9-point method. The average displacement was 23.86. The
displacement is the difference between the expected simi-
larity rank and that determined by the retrieval algorithm.
While the evaluation indicated that the algorithm was able
to retrieve the relevant shapes, there were some potential
unresolved issues regarding the approximated shape and its
comparison with the 9-point method.

3.2 Automatic 9-Point Selection

We studied the criteria used for selected boundary points in
the polygon approximation algorithm. It was realized that
some critical corners were being eliminated in the approxi-
mation process which resulted in vertebral boundary shapes
that were not well represented. Our modification [30] cor-
rected the problem. Further, a method was developed that
divided the vertebra shape into 7 regions. 9 points were



automatically selected from these regions at locations that
best matched those picked by the board certified radiolo-
gist. These 9-point representations were then indexed us-
ing the Fourier Descriptor algorithm. The method was now
able to find 70% of the relevant shapes from the data set
with an average displacement of 8.99, a more promising
result.

3.3 Evaluating the Query-Semantic

In this approach, a medical expert classified 208 cervical
and lumbar vertebra from 256 images on their pathology.
Retrieval results on query shapes were scored for their rel-
evance and accuracy. The medical expert generated a set
of images for each pathology query. There were 10 queries
for the cervical vertebra pathologies and 2 for normal cer-
vical vertebra. Similarly, there were 10 pathology and 2
normal queries for the lumbar vertebra. The set of images
corresponding to the expected response for these queries
was considered as the ground truth.

Our CBIR database currently contains 512 cervical
vertebrae and 219 lumbar vertebrae. Only a subset of these
were viewed by the medical expert. To account for the
possibility that the CBIR system may retrieve shapes that
were not viewed by the expert, we score the top 20 returned
shapes for relevance. The relevance score is an indicator of
how closely the returned shapes matched the query seman-
tic. A score of 0.5 is assigned to each vertebra image in
the top 20 retrieved images that is considered to depict the
query semantic. A score of 0.25 is assigned to the vertebra
image if it probably exhibits the pathology in the query.
Such cases are likely to occur between different grades of
pathology. A score of 0 is assigned for a poor and no match.
Thus, the maximum relevance score is 10.

To compute the accuracy score, the retrieval result im-
ages were pruned to include only those that belonged to the
subset of 256 vertebra images viewed by the medical ex-
pert. The top 50 ranked images from this new set are then
compared with the ground-truth list for that query and an
accuracy score is generated. A staggered scoring approach
is used. A score of 0.5 is assigned for every image in the top
20 ranked retrieved images that is also in the ground-truth
set. A score of 0.25 is assigned to every image in the next
15 ranked retrieved images (rank 21 - 35) that also appear
in the ground-truth set. A score 0.1 is assigned to the next
15 ranked retrieved images (rank 36 - 50) that also appear
in the ground-truth set. A score of 0 is assigned for any im-
age that does not appear in the ground-truth set. Maximum
accuracy score is 10.

The average relevance score across all queries was
5.71. The accuracy scores averaged 3.75. If the matches
in the top 50 were considered, on the average, 50.6% of the
shapes were found.

4 Summary of Results

A summary of the results from the above experiments are
presented in Table 1. In general, the Fourier Descrip-
tor algorithm combined with the Polygon Approximation
method is able to find about 60% relevant shapes in the top
50 retrieved items. The accuracy score reveals that it finds
half of them in the top 25. In some queries, the relevance
scores are as high as 10. Relevance scores in 7’s and 8’s
are not uncommon. However, lower scores are unexplained
in certain queries, especially on sketches of pathologically
normal vertebrae. We are presently investigating correla-
tion between vertebra shape and retrieval results.

(a) Query (b) d=0.0 (c) d=0.0036

(d) d=0.0038 (e) d=0.0040 (f) d=0.0070

Figure 2. An example of partial shape matching of anterior-
inferior osteophyte using Procrustes distance. (a) Query
shape, (b)-(f) Top 5 matches with normalizeddissimilarity
distances.

5 Conclusions and Future Work

The above evaluations have pointed to the need for further
work in shape analysis for content-based retrieval in med-
ical images. State of the art shape representation methods
are able to retrieve relevant images correctly half the time.
This suggests a gap between the shape as depicted and as
represented by the method. It is still unclear what aspects
of the boundary data and algorithm adversely affect the
results. Two important criteria in this are the number of
the boundary points and their position with respect to the
pathology. In case of the shape representation methods, the
Polygon Approximation method with modifications sug-
gested in [30], is very useful in reducing the granularity
of the boundary data while keeping the visual aspect of the
shape data intact. The Fourier Descriptors algorithm does
find perceptually similar shapes and is very quick. How-
ever, as the above results show, it cannot be relied upon for
accuracy. Additionally, the user may just want to concen-
trate on a local pathology. Querying on local regions on the
shape boundary is difficult using most algorithms found in



Experiment Evaluated To Summarized Results
Fourier Descriptor on Similarity list On the average 54.71% of retrieved shapes matched the
shape data reduced using Procrustes Dist. top 25 ranked shapes in similarity list.
using Polygon Approx. on 9-point shape data. Average displacement = 23.86.

Fourier Descriptor on Similarity list On the average 70% of retrieved shapes matched those
automatic 9-point data from using Procrustes Dist. in the similarity list.
modified Polygon Approx. on 9-point shape data. Average displacement = 8.99.

Fourier Descriptor on Similarity list Average Relevance = 5.71/10.
shape data reduced by medical professional Average Accuracy = 3.75/10 using staggered scoring.
using Polygon Approx. on different grades of (Scores averaged over 48 cervical and lumbar queries.)

pathology.

Table 1. Summary of Results

the literature, especially the Fourier Descriptors algorithm
which considers the entire shape in forming the descriptors.
We are now working on methods to retrieve images using
Partial Shape Matching (PSM) techniques. An example is
shown in Figure 2. With PSM, the user need only sketch the
region of interest on the boundary in the query. We believe
that this will enable users to retrieve vertebrae by sketch-
ing only the pathology of interest and thereby improve the
quality of retrieval. We are in the process of developing
these techniques further as well as evaluating them.

In general, there is a need for additional research in
CBIR methods for medical images. The particular aspects
of medical image data and usability by the target user com-
munity should be used as guides in designing algorithms
for such images. We are continuing our research in de-
veloping shape methods that can improve on the above
results. We are leaning toward the use of a fixed num-
ber of boundary points and working on developing better
shape representation and similarity methods. Topics in fo-
cus are open-contour matching, localized shape querying
and similarity algorithms. We are also working on repre-
senting other shapes, such as lesions, that do not have a
well-defined structure like a vertebra.

Finally, it is necessary for various shape methods to
be evaluated on a standardized a ground-truth data set. Ad-
ditionally, the results must be validated by a number of
medical experts to minimize the effect of inter- and intra-
observer variability. We have presented our work to date in
shape representation and similarity algorithms for content-
based retrieval of digitized vertebral images by their shape
and pathology. The retrieval results are evaluated against
a machine-generated as well as a human ground-truth data
set.
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